A Continuous Stirred-Tank Reactor is typical system with nonlinear behavior and lumped parameters. The mathematical model of this type of reactor is described by the set of nonlinear ordinary differential equations that are easily solvable with the use of numerical methods. The big advantage of the computer simulation is that once we have reliable mathematical model of the system we can do thousands of simulation experiments that are quicker, cheaper and safer then examination on the real system. The control approach used in this work is a hybrid adaptive control where an adaptation process is satisfied by the on-line recursive identification of the External Linear Model as a linear representation of the originally nonlinear system. The polynomial approach together with the Pole-placement method and spectral factorization satisfies basic control requirements such as a stability, a reference signal tracking and a disturbance attenuation. Moreover, these methods produce also relations for computing of controller's parameters. As a bonus, the controlled output could be affected by the choice of the root position in the Pole-placement method. The goal of this contribution is to show that proposed controller could be used for various outputs as this system provides five possible options.
INTRODUCTION
The mathematical modelling and the computer simulation is a great tool for control engineering that helps with the understanding of the system's behavior without exanimation on a real equipment or a real model of the system (Honc et al. 2014) , (Ingham et al. 2000) . The benefits of the computer simulation are clear -it is quick, safe and of course much cheaper method than real experiments which, especially in chemical industry, could consume a lot of chemicals without a clear result. Even more, a lot of chemical experiments produce an exothermic reaction and wrong settings of the controller could end with the dangerous explosion. This paper presents the simulation study from the initial steady-state and dynamic analyses to the hybrid adaptive control of the system. The steady-state and dynamic analyses observes the nonlinear behavior of the system and help us with the choice of the optimal control strategy. The system under the consideration is an isothermal Continuous Stirred-Tank Reactor (CSTR) the mathematical model of which is described by the set of five nonlinear ordinary differential equations (ODE) as there are five state variables -concentrations (Russell and Denn 1972) . There were used Simple iteration method for the solving of the steady-state of this system which is, in fact, the numerical solution of the set of nonlinear algebraic equations that are transformed from the set of ODE with the condition that the derivative with respect to the time are equal to the zero in the steady-state. The dynamic analysis then employs the Standard Runge-Kutta's method for numerical solution of the set of ODE. Both methods are simple but accurate enough. Moreover, they are easily programmable and Runge-Kutta's methods are even build-in functions in the mathematical software Matlab (Vojtesek 2014) which was used as a simulation program in this work. The control method here is based on the idea of the adaptive control (Åström and Wittenmark, 1989) where parameters of the controller are restored during the control according to the actual needs and state of the controlled system. The core function of this adaptive approach is the recursive identification of the External Linear Model (ELM) as a linear representation of the nonlinear system (Bobal et al., 2005) . Parameters of the controller than depends on the identified ELM and they are computed with the use the Polynomial method, the Pole-placement method and the Spectral factorization. As a result, this approach produces not only the controller that satisfies basic control requirements but also easily programmable relations for computing of controller's parameters which helps with the implementation inside the industrial controllers. We call this approach the "hybrid" adaptive control because the polynomial approach used here is defined in the continuous-time which is more accurate but problematic for the on-line identification. Because of this, the special type of the discrete-time identification was used. This method is called the Delta-models (Middleton and Goodwin 2004 ) that belongs to the class of discrete-time models but its parameters approaches to the continuous-time ones for sufficiently small sampling period (Stericker and Sinha 1993) as there are both input and output variables related to the sampling period. The control strategy was applied on the control of two different outputs which shows that it could be also successfully applicable to similar types of processes.
ADAPTIVE CONTROL
The control approach used in this work is an adaptive control. The philosophy of this control method comes from the nature, where plants, animals and even human beings "adopt" their behavior to the actual conditions and an environment. This could be done, from the control point of the view, for example by the change of the controller's parameters, structure etc. (Bobal et al., 2005) .
External Linear Model
The approach used here starts with the dynamic analysis of the system that help us with the understanding of the system's behavior. Resulted step responses are then used for the choice of the External Linear Model (ELM) as a linear representation of usually nonlinear system. This ELM could be in the form of the polynomial transfer function and the adaptivity is then satisfied by on-line recursive identification that estimates parameters of the ELM in every moment. This procedure guarantees that this ELM describes the system accurately to the relative state of the system. The general form of the ELM's transfer function is
where parameters of polynomials a(s) and b(s) are computed from the recursive identification and both polynomials holds the feasibility condition for
Design of Controller
Now we know, that the controlled nonlinear system is described by the polynomial transfer function (1) and we can describe the controller also by the transfer function Figure 1 , the Laplace transform of the transfer function
where Laplace transform of the input signal u is from Figure 1 ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) 
The denominator here is a characteristic polynomial of the closed loop system we can write it generally
where d(s) is a stable optional polynomial. The position of roots of this polynomial affects control results and the whole equation (6) is called Diophantine equation (Kucera 1993 
As both of these signals are expected as a step function, the least common divisor is f(s) = s. The transfer function of the feedback controller is then
and we can rewrite the Diophantine equation (6) 
where parameters of the polynomial n(s) are computed from the spectral factorization of the polynomial a(s) in the denominator of (1), i.e.
The use of the spectral factorization satisfies that the polynomial n(s) is stable even if the identified polynomial a(s) is unstable. This situation could occur in the adaptation part at the beginning of the control, where the estimator does not have enough information about the system. The second part is then regular Poleplacement method, but the number of unknown roots is reduced by the choice of the polynomial n(s).
It is good to have some parameter that could affect the control results. This parameter is in this case the position of the root α in the Pole-placement method.
The only condition which comes from the stability is that this root must be α > 0.
Degrees of unknown polynomials ( ) p s , q(s) and d(s)
are for the fulfilled properness condition generally: 
The second, unknown, vector is the vector of parameters
and this vector is in RLS computed from the set of equations:
where ϕ is regression vector, ε denotes a prediction error, P is a covariance matrix and λ 1 and λ 2 are forgetting factors. There were defined different methods in (Fikar and Mikles 1999) , for example constant exponential forgetting where λ 2 = 1 and λ 1 is computed
where K is a very small value (e.g. K = 0.001).
SIMULATION MODEL
The proposed adaptive control was tested by the simulation on the mathematical model of the isothermal chemical reactor (Russell and Denn 1972) , schematic representation of which is shown in Figure 2 . ; ;
The mathematical model is constructed with the use of material balances, that are in the general word form 
The mathematical model (19) The only quantity which could be used as an adjustable parameter is the volumetric flow rate of the reactant q which was later used as an action value for control.
The Steady-state and Dynamic Analyses
The goals of the steady-state and dynamic analyses are usually to observe the behavior of the system and its physical boundaries. The steady-state analysis tries to find values of the state variables in the steady-state, i.e. for the time t ∞. It means that the set of nonlinear ordinary differential equations (ODE) (19) is transformed into the set of nonlinear algebraic equations that can be solved for example with the Simple iteration method. We have done various computations for different input volumetric flow rates q and the results are shown for example in (Zelinka et al. 2006 
and results are shown in Figure 3 and Figure 4 . Step responses in Figure 3 and Figure 4 have shown nonlinear behavior of the system and also limitations of output variables. The first output differs in the boundaries from -0.1322 (-100 %) to 0.0725 (+100 %) kmol.m -3 . The second output y 2 (t) has boundaries from -0.0245 (+100 %) to 0.0446 (-100 %).
Results of the dynamic analysis can help us with the choice of the ELM's transfer function (1). According to courses of the output the transfer function has a form:
s s a s a
+ = = = + + (23)
SIMULATION OF ADAPTIVE CONTROL
The ELM (23) is in the continuous-time s-plain and online identification of those models is more accurate but also problematic that those in discrete-time, where we can read input and output variables are read only in the defined time intervals and the time before this interval can be used for the recomputation of the systems or controller parameters.
One compromise could be use of the so called δ-models which are special types of discrete-time identification models, where input and output variables are related to the sampling period T v . A new complex variable γ is computed from (Mukhopadhyay et al. 1992) ( )
where z is complex variable, T v denotes a sampling period and α is an optional parameter. It is clear, that
we can obtain infinitely many models for optional parameter α from the interval 0 ≤ α ≤ 1 and a sampling period T v , however a forward δ-model was used in this work which has γ operator computed via
The general form of the ELM (23) is then rewritten to the general differential equation
where t' denotes discrete time and δ is the operator defined according to (25) . Some previous experiments (Stericker and Sinha 1993) 
where y δ is the recomputed output to the δ-model: ( 1) ; ( 2) 
( 1) ( 2) ( 1) ; ( 2) 
and the data vector is then
and the vector of estimated parameters
can be computed from the ARX (Auto-Regressive eXtrogenous) model
by the recursive least squares methods described in the theoretical part.
As the ELM in Equation (23) 
and the transfer function of the controller (8) 
The stable polynomial d(s) on the right side of the Diophantine equation (9) 
Simulation Results
There were done different simulation experiments for u(t) as a change of the volumetric flow rate q (22) and changes of the output concentrations c B and c Z respectively -see (21). The simulation time was 30 000 s and five step changes of the reference signal were done during this time. The sampling period was T v = 10 s, the initial covariance matrix P(0) has on the diagonal 1·10 6 and starting vectors of parameters for the identification was chosen according to some previous measurements.
It is good to qualify the control results also by some quantitative criterion. In this case, we used control quality criteria S u and S y that reflects the changes of the input variable u and the control error e = w -y. These criteria are then computed in the whole control from Values of criteria S u and S y for the first control simulation study are shown in Table 2 . Lower value of α results in smoother course of the input variable which could be also important feature of the controllerquicker changes of u(t) could affect the cost of the control and moreover it could harm the hardware of the controller that is also important. This smoother course reflects in the value of S u which is minimal for the lowest value of α -see Table 2 . Other parameters were equal to those in the previous study. Presented results in Figure 7 and Figure 8 show that the same controller can be used also for the control of the second output y 2 that represents the change of the output concentration c Z in time t.
The effect of the tuning parameter α is the same as in previous case -an increasing value of this criterion produces quicker output response which is more evident for the bigger changes of the reference signal w(t). This claim is also supported by values of the criteria S u and S y in Table 3 -the best tracking, i.e. the lowest value of S y , is for α = 0.005. The only thing that differs is the choice of the reference signal which depends of the physical properties of the controlled output and the different value of α. We are then back in the main advantage of the computer simulation -while we have mathematical model and the relations that computes the parameters of the controller both in the form of simulation programs, we can do thousands of simulations that can help us with the choice of the optimal setting.
